Abstract-This paper presents a simplified ANFIS (Adaptive Neuro-Fuzzy Inference System) structure acting as a PID-like feedback controller to control nonlinear multi-input multi-output (MIMO) systems. Only few rules have been utilized in the rule base of this controller to provide the control actions, instead of the full combination of all possible rules. As a result, the proposed controller has several advantages over the conventional ANFIS structure particularly the reduction in execution time without sacrificing the controller performance, and hence, it is more suitable for real time control. In addition, the real-coded genetic algorithm (GA) has been utilized to train this MIMO ANFIS controller, instead of the hybrid learning methods that are widely used in the literature. Consequently, the necessity for the teaching signal required by other techniques has been eliminated. Moreover, the GA was used to find the optimal settings for the input and output scaling factors for this controller, instead of the widely used trial and error method. To demonstrate the accuracy and the generalization ability of the proposed controller, two nonlinear MIMO systems have been selected to be controlled by this controller. In addition, this controller robustness to output disturbances has been also evaluated and the results clearly showed the remarkable performance of this MIMO controller.
INTRODUCTION
Fuzzy logic (FL) and artificial neural networks (ANNs) have been successfully applied in many challenging control applications. However, each of these two intelligent techniques has its own drawbacks which limit its usefulness for certain situations and not for others. In order to overcome these drawbacks, the integration of both FL and ANN in a unified system has received much attention in the literature which resulted in the appearance of a rapidly emerging field of neurofuzzy systems. One of the most widely used neuro-fuzzy systems is the ANFIS network, which was proposed by Jang [1, 2] .
The hybrid learning rule, which combines the gradient descent technique and the least square estimator (LSE), was proposed in [1] to train the ANFIS network for a specific problem. As a supervised learning method, this hybrid learning rule requires a teaching signal in its operation. However, in control system design, when the ANFIS network is to be utilized as a feedback controller, this teaching signal is difficult to be provided, since the desired control actions, which represent the teaching signal in this case, are simply unknown. In order to alleviate this difficulty, several ANFIS learning methods have been proposed in the literature to apply the ANFIS as a MIMO controller. For example, Djukanović et al. [3] utilized a special ANFIS learning technique, called temporal back propagation (TBP), to control nonlinear MIMO systems by considering both the controller and the plant as a single unit at each time step. However, this method is characterized by the heavy computational load and the complexity in implementation. Another approach to train the ANFIS as a controller for nonlinear MIMO systems is based on the inverse learning method, in which the ANFIS network is trained to learn the inverse dynamics of the controlled plant [4] [5] [6] . However, the success of this ANFIS learning method depends on three crucial issues. Firstly, the existence of an accurate model of the original system, which can not be easily developed for complex systems; secondly, the availability of the inverse dynamics of the system, which does not always exist; and thirdly, the appropriate distribution of the training data, which might not be achieved due to the constraints imposed by the system dynamics. In addition to the above mentioned methods, another training approach to utilize the ANFIS as a controller for nonlinear MIMO systems was used in [7] [8] [9] . In this method, the data collected from another working controller are used to train the ANFIS network. The drawback of this method is that the effectiveness of the resulting ANFIS controller greatly depends on the performance of the original controller, which is mostly a linear one. In this work, a simplified ANFIS structure, which was proposed in [10] , is used as a PID-like feedback controller to control nonlinear MIMO systems. Compared to the conventional ANFIS controller, the simplified ANFIS controller requires less training time and memory resources. The real-coded GA, which does not rely on a teaching signal, is used to train the parameters of the simplified ANFIS controller, as well as its scaling factors. The rest of this paper is organized as follows: In Section II, the structure of the simplified PID-like ANFIS controller is explained. The proposed genetic learning for the MIMO ANFIS controller is given in section III. Section IV presents the simulation results. Finally, the conclusions are drawn in Section V.
II. STRUCTURE OF THE SIMPLIFIED PID-LIKE ANFIS

CONTROLLER
It is well known that a conventional fuzzy system with n inputs, each partitioned into p membership functions (MFs), requires p n rules to construct the fuzzy inference system (FIS) for a specific problem. The ANFIS network is a FIS that utilizes the Sugeno fuzzy models, which can be either zero-order or firstorder models according to the consequent part of the fuzzy rules. For both of these models, the total number of fitting parameters in the ANFIS structure can be calculated from: (2) where m is the number of fitting parameters per MF [11] . In this work, the zero-order Sugeno fuzzy model is used since it requires less number of parameters than the first-order model. However, the p n term in both (1) and (2) can lead to the so called "curse of dimensionality" problem which causes the exponential growth in the number of fuzzy rules as the number of input variables is increased.
To alleviate this dimensionality problem, a simplified ANFIS structure was proposed in [10] to act as a feedback controller to control single-input single-output (SISO) systems. In Fig. 1 , the three input variables represent the error, the change of error, and the summation of errors for the plant being controlled, respectively. The output variable represents the control action of this ANFIS controller. In the following, the output of the ith node in Layer k is expressed as O k,i . 
The bell-shaped functions are used in this work to represent the MFs in the above equation, and these bell-shaped functions have the following definition:
where x k , k = 1, 2, 3, represents the scaled input variables after multiplying them by the input scaling factors (c 1 , c 11 , and c 111 ) as shown in Fig. 1 . C A and σ A represent the centers and widths of the MFs, respectively. The variables in this layer are called the antecedent parameters.
Layer 2:
The nodes in this layer generate the firing strengths of the corresponding fuzzy rules. As can be seen from Fig. 1 , in this simplified ANFIS structure, only seven rules are utilized in this layer, instead of the 343 rules used in the conventional ANFIS structure (i.e. p n , where p = 7 and n = 3), see (2) . Therefore, the output of Layer 2 is expressed by:
Layer 3: This layer has seven nodes as well. The task of the ith node in this layer is to find the ratio of the ith rule's firing strength to the sum of the firing strengths of all the rules, as follows:
Layer 4: Similar to Layers 2 and 3, this layer also has seven nodes. The function of each node is to multiply each output from Layer 3 by the corresponding consequent parameter, as follows:
where i=1 to 7, and k 0i is the ith consequent parameter.
Layer 5:
There is only one node in this layer whose task is to calculate the overall output according to the following expression:
Finally, to generate the final output of this controller, O 5 is multiplied by the output scaling factor, c 2 , as expressed by the following:
For the SISO case, 53 parameters are required to represent this ANFIS structure in the GA (49 modifiable parameters plus 4 scaling factors) [10] . In this work, two ANFIS controllers are required to control the MIMO plants. Each of these two controllers has exactly the same structure described above. Hence, 106 parameters are required to represent this simplified MIMO ANFIS controller in the GA.
III. THE PROPOSED GENETIC LEARNING PROCEDURE FOR THE SIMPLIFIED MIMO ANFIS CONTROLLER
The following genetic procedure has been adopted for training the simplified MIMO ANFIS controller:
Step 1: Initialize the crossover probability (P c ), the mutation probability (P m ), the population size, and the maximum number of generations.
Step 2: Generate randomly the initial population within certain bounds, in which each chromosome represents the entire antecedent and consequent parameters along with the input and output scaling factors for the two ANFIS controllers.
Step 3: Evaluate the objective function for each chromosome in the population using the integral square of errors (ISE) criterion defined by:
where e 1 (k) = r 1 (k) -y 1 (k), e 2 (k) = r 2 (k) -y 2 (k) and T is the observation time.
Step 4: Select two individuals from the current population and apply the real-coded genetic operators of crossover and mutation to form two new chromosomes for the new population.
Step 5: Repeat Step 4 until all the chromosomes in the new population are created, i.e. until the new population size is equal to the initial (old) population size.
Step 6: Replace the initial (old) population with the new population.
Step 7: Stop if the maximum number of generations is reached, otherwise increase the generation counter by one and go to Step 3.
IV. SIMULATION RESULTS
To demonstrate the effectiveness of the proposed MIMO ANFIS controller, two nonlinear MIMO plants were selected to be controlled by this controller. Unlike the SISO case, the simplified MIMO ANFIS controller has to deal appropriately with the variable interactions in the MIMO systems. In this regard, the aim of the following simulation tests is to assess the controller ability in decoupling of loop-interactions while tracking the given testing signals. Therefore, the training and testing signals were deliberately selected as shown in Fig.s 2 (a,  b) and 3 (a, b) , respectively. These figures indicate that there is a difference between the training and the testing signals. This difference is important in testing the generalization ability of the MIMO ANFIS controller. The parameters of the GA were set to the following values; population size: 50, maximum number of generations: 300, P c : 0.8, and P m : 0.05. For the current application, and after several simulation tests, these parameter settings were found to be sufficient to guarantee a satisfactory performance in training the MIMO ANFIS controller to control the following nonlinear MIMO plants:
Plant 1:
A multivariable nonlinear plant is described by the following [12] : Fig. 3 shows the output responses, control actions and the best 0.5ISE against the generations for this plant. Fig.s 3 (a)  and 3 (b) show that the simplified MIMO ANFIS controller has performed well in both tracking and de-coupling in controlling this MIMO plant. In particular, the tracking of the testing signals has been achieved with zero steady-state error and with some overshoot at the beginning of each step change. Fig. 3 (c) shows a sharp control action when the testing signal has changed its amplitude. This sharp control action is necessary to compensate for the interactions between the two channels of this MIMO system, and consequently, to achieve the good tracking performance in Fig. 3 (a) . On the other hand, Fig. 3 (d) shows that the transition in the second control signal was not as large as that of the first control signal. Bearing in mind the difference between the training and the testing signals, it can be concluded that this controller has achieved good generalization ability. From Fig. 3 (e) , it can be seen that the 0.5ISE has reached its near optimal value from the first few generations. Therefore, the choice of the maximum number of generations to be 300 seems to be adequate. This fact indicates the fast convergence to the optimal solution that has been achieved by the GA in training this controller.
Plant 2:
This nonlinear MIMO plant is described by the following [13] : Fig. 4 shows the output responses, control actions and the best 0.5ISE against the generations for this plant. Despite the complexity of this plant, the performance of the simplified MIMO PID-like ANFIS controller was good in decoupling of loop interactions and in tracking the desired responses with zero steady-state error and some oscillations at the start of each change in the testing signals (see Fig.s 4 (a)  and 4 (b) ). Although the training signals are different from the testing signals, the simplified MIMO ANFIS controller has successfully generalized its learning to effectively handle the unexpected testing signals. This performance for the controller is due to its control actions given in Fig.s 4 (c) and 4 (d) . As in the first plant, the 0.5ISE has reached to its near optimal value from the first few generations, as can be seen from Fig. 4 (e) .
In order to evaluate the robustness of the simplified MIMO ANFIS controller, a disturbance rejection test was conducted on Plant 2 using the training and testing signals of the previous tests. This test was achieved by applying a bounded external disturbance of 20% of the first output and -20% of the second output at the testing phase. 
V. CONCLUSIONS
In this paper, a genetically-trained simplified PID-like ANFIS controller has been utilized to control nonlinear MIMO systems. The GA does not require a teaching signal in its operations and hence, it is a more suitable technique to train the ANFIS network as a feedback controller compared to the commonly used ANFIS hybrid learning method. Moreover, the GA was used to find the optimal settings for the controller scaling factors, instead of the widely used trial and error method. The simulation results showed the effectiveness of the GA in training the simplified MIMO ANFIS controller in terms of control accuracy and generalization ability. Moreover, from the robustness test, this controller has shown a remarkable ability in eliminating the effects of external disturbances.
